ABSTRACT The distribution information of the land-cover classes in remote sensing image can be explored by sub-pixel mapping (SPM) technique. The soft-then-hard sub-pixel mapping (STHSPM) has become an important type of SPM method. The sub-pixel shifted images (SSI) from the same area can be utilized to improve the mapping result. However, the type of information in the fine SSI is insufficient, and the SSI-based STHSPM results are affected. To solve this problem, utilizing parallel networks to produce subpixel shifted images with multiscale spatio-spectral information (SSI-MSSI) for STHSPM is proposed. In SSI-MSSI, the fine SSI with multi-scale information and spatio-spectral information are obtained, respectively, from parallel networks, namely the multiscale network and spatio-spectral network. The multiscale network is spectral unmixing followed by mixed spatio attraction model and the spatio-spectral network is projected onto convex sets super-resolution followed by spectral unmixing. There two different kinds of fine SSI are integrated by appropriate weight parameter to produce the fine fractional images. Class allocation method then allocates the class labels into to each sub-pixel by the predicted value from the integrated fine fractional images. Three remote sensing images are tested to show that the proposed SSI-MSSI produces more accurate mapping results than the existing SSI-based STHSPM in the literature. In the quantitative accuracy assessment, the SSI-MSSI shows the best performance with the percentage correctly classified of 99.09% and 74.07% in the experimental results.
I. INTRODUCTION
Since land-cover classes are diversified, mixed pixels widely exist in the original coarse remote sensing images [1] . Spectral unmixing is an effective technique to estimate the proportion of land-cover classes in mixed pixel, but it cannot provide any distribution information [2] . SPM is a postprocessing technique of spectral unmixing to predict the distribution of land-cover classes at a sub-pixel scale [3] .
According to the way of obtaining the final mapping result, SPM mainly contains two basic types [4] . The first type is the initialization-then-optimization sub-pixel mapping. For example, pixel-swapping algorithm [5] , the neighboring value [6] , the Moran's I of the image [7] , and minimizing the perimeter [8] all can be considered as the first type. Although this type of SPM can obtain the ideal mapping result, complex physical structure and long computing time are often needed.
STHSPM is the second type of SPM, which includes two steps: 1) sub-pixel sharpening and 2) class allocation [4] . In the STHSPM, the coarse fractional images are first transformed into the fine fractional images with the predicted value of each land-cover class by sub-pixel sharpening method [9] . The SPM result is then obtained by class allocation method according to these predicted values.
Hopfield neural network [10] , [11] , spatio attraction model [12] , [13] , back-propagation neural network [14] , [15] , indicator cokriging [16] , [17] and some super-resolution methods [18] - [22] can be selected as sub-pixel sharpening method.
Various additional information, such as light detection and ranging [23] , fused images [24] , panchromatic images [25] , fine scale information [26] , and shape information [27] can be utilized to improve the SPM performance. Moreover, SSI have been widely utilized to improve the mapping accuracy of STHSPM result [28] - [32] . But the SSI usually utilize single scale self-information in these methods, there are unclear textures and aliasing artifacts in the STHSPM results. To address this issue, a mixed spatio attraction model is proposed to produce the fine SSI with multiscale information [33] . However, the type of information carried by the fine SSI is not a lot, especially the spatio-spectral information of the original remote sensing image, remains as challenge.
In this paper, we propose the SSI-MSSI method to solve the above issue. In the SSI-MSSI, the multiscale network produces the fine SSI with multiscale information by spectral unmixing followed by MSAM. And the spatio-spectral network derives the fine SSI with spatio-spectral information by POCS super-resolution [34] followed by spectral unmixing. The fine fractional images with multiscale spatio-spectral information are then obtained by fusing the above two kinds of fine SSI with weight parameter. Finally, utilizing class allocation method allocates class labels into each sub-pixel to obtain STHSPM result. The proposed SSI-MSSI enriches the type of information carried by the fine SSI and considers more multiscale spatio-spectral information. The performance of the SSI-MSSI is demonstrated with comparing the other four STHSPM methods. The experimental results show that the SSI-MSSI can obtain the higher mapping accuracy.
The contents of this paper are organized as follows. Section 2 introduces the STHSPM model. Section 3 shows the proposed SSI-MSSI. The results and analyses are described in Section 4. Section 5 gives the conclusions.
II. STHSPM
Suppose S is the zoom factor and each mixed pixel is divided into S 2 sub-pixels. The spectral unmixing results from an original coarse remote sensing image are B coarse fractional images C b (b = 1, 2, . . . , B, B is the land-cover classes number). Let C b (P I ) be the proportion of the kth class for mixed pixel P I (I = 1, 2, . . . , N , N is the mixed pixels number).
A. SINGLE IMAGE-BASED STHSPM
As shown in Figure 1 , the fractional images C b are first transformed to the fine fractional images F b by sub-pixel sharpening. F b consists the predicted value F b (p i ) which is the predicted value of kth class in sub-pixel p i (i = 1, 2, . . . , NS 2 , NS 2 is the sub-pixels number). Formula (1) shows the constraint from class fractions. where M b (P I ) is the sub-pixels number for the kth class within mixed pixel P I . Around(·) is a function that takes the integer nearest to C b (P I ) · S 2 . According to these predicted values, class allocation method distributes class labels into each sub-pixel to obtain the STHSPM results.
B. SSI-BASED STHSPM
From the Figure 1 , the single image-based STHSPM method only utilize a coarse remote sensing image to obtain the fractional images. It is lack of information to determine the spatio distribution of land-cover classes in a mixed pixel due to STHSPM problem which is as an ill-posed problem. To obtain enough information, SSI-based STHSPM is an effective method to improve the STHSPM. The basic principle is to unite SSI to enhance the image resolution. The original coarse SSI are not identical to each other due to the relative move between the earth and satellite. The original coarse SSI are assumed to be translated vertically and horizontally at the sub-pixel level in this paper [24] - [29] .
Let the number of original coarse SSI be W . The subpixel shift between the wh (w = 1, 2, . . . , W ) image and the first image is (x w , y w ). It represents that the rightward and downward shifts are x w and y w sub-pixels. If the coordinate of a sub-pixel p i in the first image is (u, v), the coordinate of its corresponding sub-pixel p wi in the wth coarse image should be (u − x w , v − y w ). The spectral unmixing results derived by unmixng the wth coarse image are B coarse fractional images C wb (b = 1, 2, . . . , B). Let C wb (P wI ) be the proportion of the bth class for mixed pixel P wI in the wth coarse image.
The flowchart of SSI-based STHSPM is shown in Figure 2 . Firstly, the coarse fractional image C wb is derived by unmixing the wth coarse SSI. Secondly, the fine SSI H wb is obtained from the coarse fractional image C wb by sub-pixel sharpening method and the fine SSI H wb contains the proportion value H wb (p wi ) which is the proportion of bth class in sub-pixel p wi in the wth coarse image. Thirdly, W fine SSI H wb for bth class are integrated to produce the fine fractional image F b for bth class and the predicted value F b (p i ) for the bth class at sub-pixel p i is determined by integration of W proportion values H wb (p wi ) Finally, the class allocation method assigns the class labels into each sub-pixel according to the predicted value F b (p i ) for each class to obtain the STHSPM results. Figure 3 gives an example to explain how the distribution in a mixed pixel can be determined with the help of SSI. In Figure 3 (a), the mixed pixel P1 includes class A and class B. The proportion of them is 0. 5 and 0.5. When S = 2, there are 2 × 2 sub-pixels in the mixed pixel P1 and 2 subpixels should be marked as class B according to 2 × 2 × 0.5. Another image which has a sub-pixel shift (x w = 0.5, y w = 0.5) with pixel P1 gives another pixel P2, as shown in Figure 3 (b). Because P2 is the pure pixel marking as class B, the position of the sub-pixels which belongs to class B can be determined in pixel P1, because P2 is the pure pixel belonging to B. The SSI can improve the accuracy of STHSPM result.
III. PROPOSED METHOD
Since the fine SSI are usually produced by single subpixel sharpening method in the existing SSI-based STHSPM, the information carried by the fine SSI may not be sufficient. Moreover, the sub-pixel sharpening method is utilized in the coarse fractional images derived from the original coarse SSI. Due to diversity of the land-cover classes and the limitation of the resolution of the satellite sensor, there are uncertainties in the original coarse SSI. The fine SSI are difficult in picking up the full spatio-spectral information of the original coarse SSI. To enrich the type of information and to obtain more spatio-spectral information, the SSI-MSSI is proposed. In SSI-MSSI, the fine SSI with multiscale information and the fine SSI with spatio-spectral information are obtained from multiscale network and spatio-spectral network respectively.
A. MULTISCALE NETWORK
The coarse fractional images for each class are first obtained by unmixing the original coarse SSI. The fine SSI with multiscale information are derived from mixed spatio attraction model (MSAM). In MSAM, o bi is defined as :
The STHSPM problem is transformed into allocating class labels into each sub-pixel while maximizing the spatio dependence. The mathematical model can be written as:
where SPArepresents the value of spatio dependence and SD bi is the measure value of spatio dependence of class b to sub-pixel p bi that can be given as:
where j i is the weights of spatio dependence, C wb (P wZ ) is the proportion value of the bth class for the Z th neighbor pixel P wZ in the wth fractional image C wb and N m is the number of neighbor pixels. The maximum eight neighboring mixed pixels is considered in here [29] . The coarse scale term T cs wb (p wi ) utilizes the heterogeneity between central sub-pixel and the coarse neighbors mixed pixels. It stands for the coarse scale spatio heterogeneity, and the coarse scale term T cs wb (p wi ) is defined as:
where j i is the weight for the spatio dependence between subpixel p wi and neighboring mixed pixel P wZ .
where d(p wi , P wZ ) is the euclidean distance from the center sub-pixel p wi to coarse neighboring pixel P wZ as shown VOLUME 6, 2018 in Figure 4 (a) and r 1 is the nonlinear exponential model parameter. T cs wb (p wi ) can then be expressed as:
The fine scale term T fs wb (p wi ) is the fine scale spatio homogeneity. It utilizes the inconformity between central sub-pixel and its neighboring sub-pixels. T fs wb (p wi ) favors the majority class of the sub-pixel's neighbors in order to constitute homogenized and aggregated patches. SD bi is defined in the fine scale term as:
The spatio dependence principle x iz is suitable for the framework in (7) and j i is the weight for the dependence between sub-pixel p wi and neighboring sub-pixel p wz . 
where d(p wi , p wz ) is the euclidean distance from the center sub-pixel p wi to the neighboring sub-pixel p wz , r 2 is the nonlinear exponential model parameter. 
The two scale terms are integrated to produce the fine SSI with multiscale information H ms wb (p wi ) which is the proportion of bth class in sub-pixel p wi in the multiscale network by the weight parameter ∂.
B. SPATIO-SPECTRAL NETWORK
Although the multiscale network can produce the fine SSI with multiscale information, the type of information from the fine SSI is still not enough. Moreover, the fine SSI in the multiscale network can not take up the full spatio-spectral information of the original coarse SSI due to the low resolution of the original coarse SSI. To enrich the type of information in the fine SSI and to supply more spatio-spectral information, the spatio-spectral network is added. In the spatio-spectral network, the original coarse SSI is improved by POCS superresolution. The fine SSI with spatio-spectral information are then derived by unmixing the improved SSI. Since the resolution of the coarse SSI is improved, the fine SSI can pick up more spatio-spectral information of the original SSI. In POCS, the super-resolution model can be expressed as:
where g w (u 1 , u 2 , λ q ) is the pixel at the location of (u 1 , u 2 ) in the λ q th layer spectrum of the wth original coarse SSI. f w u 1 , u 2 , λ q is the pixel at the location of (v 1 , v 2 ) in the λ q th layer spectrum of the wth improved resolution target image.
is the spatio domain filtering function. i,v 1 ,v 2 is defined as the spectral domain filtering function. E(u 1 , u 2 , λ q ) is the additive noise. The operators T spa and T spe are used to stand for the spatio domain filtering process and spectral domain filtering process. The super-resolution reconstruction model can be shown as formula (15) .
where f w is the wth improved resolution target image, g w is the wth original coarse SSI and E is the noise. In order to low the complexity of the POCS superresolution and to protect the classes of interest (COI), the endmembers of interest (EOI) [35] is utilized. In the aforementioned super-resolution model, the high dimension to low dimension operator inv and the low dimension to high dimension operator are utilized to achieve this purpose.
In this paper, spectral endmembers are obtained by the N-FINDR method [36] . The spectral endmembers of the 
The dimensionality of input data is reduced to simplify the POCS super-resolution process from formula (16) . In POCS, the convex feasibility problem is utilized to optimize the super-resolution process. The closed convex sets include the various constraints, and the intersection is gradually mapped from the initial value by iterative way. The optimal reconstructive solution will be derived from the eventually mapping point.
The fine SSI with spatio-spectral information H ss wb (p wi ) that is another proportion of bth class in sub-pixel p wi are derived by unmixing the improved resolution image f w .
C. IMPLEMENTATION OF SSI-MSSI
The fine fractional image F b with multiscale spatio-spectral information is produced by integrating the fine SSI with multiscale information and the fine SSI with spatio-spectral information. The predicted value F b (p i ) for the bth class at sub-pixel p i is derived by integrating the W proportion values of H ms wb (p wi ) and H ss wb (p wi ).
Because there are the inconsistencies magnitude of the two terms, they have to be normalized. The normalization scheme VOLUME 6, 2018 is that each term for each sub-pixel ratios the same class sum within a mixed pixel. The flowchart of SSI-MSSI is shown in Figure 5 . It can be introduced in the following steps.
Step 1: The phase correlation is utilized to estimate subpixel shifts (x w , y w ).
Step 2: B coarse fractional images are derived by unmixing the original coarse SSI in the multiscale network. At the same time, the improved resolution SSI are derived from the coarse SSI by POCS super-resolution in the spatio-spectral network.
Step 3: Utilizing MSAM obtains the fine SSI with multiscale information H ms wb (p wi ) from the coarse fractional images. The fine SSI with spatio-spectral information H ss wb (p wi ) are produced by unmixing the improved resolution SSI.
Step 4: The proportion values H ms wb (p wi ) and H ss wb (p wi ) are integrated to produce the predicted value F b (p i ) [see (17) ]. In this way, the fine fractional images with multiscale spatiospectral information are produced. Step 5: Under the constraints in (1), the predicted value F b (p i ) from the fine fractional images generated in step 4 is utilized to assign class labels into all sub-pixels.
From Figure 2 and Figure 5 , the two kinds of fine SSI with different information are integrated to produce the fine fractional images. Due to the fact the type of the information in the fine SSI is enriched and more multiscale spatio-spectral information is supplied, the proposed SSI-MSSI can generate improved STHSPM results than the existing SSI-based STHSPM algorithm.
IV. EXPERIMENT AND ANALYSES
Experiments based on three remote sensing images are tested to evaluate the SSI-MSSI. For quantitative assessment, the simulated coarse SSI are produced from the original fine remote sensing image by degrading. Because in the such operation case we can know the land-cover classes at the sub-pixel level in order to directly evaluate of the influence of image registration error on the proposed method. In this paper, the highest soft attribute values assigned first (HAVF) [4] is employed as the class allocation method. Least squares linear mixture model (LSLSM) [37] is employed for spectral unmixing due to its simple physical meaning. The appropriate SSI are derived by the method in [27] . The original multispectral or hyperspectral remote sensing image is first degraded and then shifted to generate the coarse SSI. Four SSI are considered and the sub-pixel shifts are defined as (0, 0), (0.5, 0), (0, 0.5) and (0.5, 0.5).
Five STHSPM methods are compared: the single imagebased STHSPM by bicubic interpolation (BIC) [15] , the single image-based STHSPM by mixed spatio attraction model (MSAM) [18] , the SSI-based STHSPM by bicubic interpolation (SSI-BIC) [27] , the SSI-based STHSPM by mixed spatio attraction model (SSI-MSAM) [28] and the proposed SSI-MSSI. In SSI-MSSI, the weight parameter λ in Eq. (13) in the multiscale network is selected according to the choice in [29] . The accuracy of result is evaluated quantitatively by PCC value and Kappa value.
A. EXPERIMENT 1
As shown in Figure 6 (a), a real hyperspectral dataset is obtained by AVIRIS over Salinas Valley in 1998. The 80 × 80 size with 204 spectral bands is selected as the tested region. To simulate the coarse SSI, Figure 6 (a) is first degraded with S = 3 and then shifted to produce the coarse SSI. The simulated coarse SSI with sub-pixel shifts (0, 0) is shown in Figure 6 (b). Due to the low resolution, the spatio distribution information is difficult to obtain from Figure 6 (b). STHSPM is utilized to derive fine distribution information at finer spatio resolution. The weight parameter θ is selected as 0.7.
The results of POCS without EOI and POCS with EOI are shown in Figure 6(c)-(d) . For visual comparison, POCS with EOI is closer to the original image than POCS without EOI. For further quantitative comparison, we utilize super-resolution reconstruction relative error to evaluate the performance. Super-resolution reconstruction relative error is defined as the sum of all reconstruction pixels absolute errors and the sum of all original image pixels ratio. Table 1 gives the different classes reconstruction error from POCS without EOI and POCS with EOI. As shown in Table 1 , the reconstruction error of each class of from POCS with EOI is lower than that from POCS without EOI. Moreover, compared with POCS without EOI, the operation time is raised by more than 3 times. It is because EOI can reduce the complexity and protect the land-cover class. To derive a better STHSPM result, the POCS with EOI is selected as the super-resolution method in the spatio-spectral network.
The reference image is shown in Figure 7 (a) which contains 6 classes. The mapping results of the five methods are shown in Figures 7(b)-(f) . According to the visual comparison, STHSPM with SSI in Figure 7(d)-(f) obtains the better mapping results than STHSPM without SSI in Figures 7(b)-(c) . From Figures 7(b)-(c) , there are many disconnected patches and obvious burrs. This phenomenon is alleviated with the aid of SSI as shown in Figures 7(d)-(f) . SSI-MSSI is closer to the reference image than the other two SSI-based STHSPM methods.
The performance of five methods is also quantitatively evaluated by classification accuracy (%) and PCC value (%). The classification accuracy (%) of SSI-MSSI as shown in Table 2 is higher than the other four methods. The PCC value of BIC increases from 90.80% to 96.22% when SSI are used. For MSAM method, the PCC value increases from 93.20% to 98.49% when SSI are used. Since SSI can provide multiscale spatio-spectral information, SSI-MSSI has the highest PCC value of 99.09%.
B. EXPERIMENT 2
A real multispectral image with a larger region is selected to test in experiment 2. The multispectral image is acquired over Rome by Landsat 8. In Figure 8 (a), a 300 × 300 region is selected as the tested data. Red, blue, near-infrared, short wavelength infrared 1, and short wavelength infrared 2 are formed the six bands of the tested data. In Figure 8(b) , the original multispectral image is degraded with S = 6 and is then shifted to produce the coarse SSI. The weight parameter θ is selected as 0.7.
There are four classes including water, vegetation, building and soil in the reference image in Figure 9 (a). Figures 9(b)-(f) give the STHSPM results of five methods. For STHSPM without SSI, some disconnected and coneshaped patches are in Figures 9(b)-(c) . In STHSPM with SSI, this phenomenon is alleviated as shown Figures 9(d)-(f) . SSI-MSSI is visually closer to the reference distribution of land-cover class compared to SSI-BIC and SSI-MSAM.
The classification accuracy as well as the PCC value of the five methods are measured in Table 2 . The classification accuracy of SSI-MSSI is higher than the other four methods. In order to test the influence of the zoom factor S on the mapping results, the five methods are tested for two other zoom factors of 3 and 10. The PCC value and Kappa value of the five methods with three zoom factors are given in Figures 10(a)-(b) . The proposed SSI-MSSI also obtains the higher PCC and Kappa than the other methods. 
C. EXPERIMENT 3
In the third experiment, we select a real hyperspectral image with more classes, which is obtained by ROSIS in the Pavia, northern Italy. The region of the 360 × 360 pixels is selected as the tested region as shown in Figure 11 (a). The coarse SSI are produced by downsampling the Figure 11 (a) with S = 3, 5 and 9. In Figure 11 (b), the original fine hyperspectral image is degraded with S = 5 to produce coarse SSI. The weight θ is defined as 0.6.
There are six classes including shadow, water, road, tree, grass and roof in the reference image Figure 12(a) . The STHSPM results of the five methods are shown in Figures 12(b)-(f) . Speckle artifacts are generated when SSI are not applied. The results of STHSPM with SSI are visually superior to STHSPM without SSI results. Considering the reference map, the proposed SSI-MSSI is more precise than SSI-BIC and SSI-MSSI due to supplying more multiscale spatio-spectral information.
Figures 13(a)-(b) depict the PCC value and Kappa value in the five methods with S = 3, 5 and 9. Similar to the results in the aforementioned experiments, the PCC value and Kappa value in SSI-MSSI are higher than the other four STHSPM methods. Figures 14(a)-(b) . When θ = 0, the spatio-spectral value H ss vk (p vj ) does not play a significant role, the results of the existing SSI-MSSI are derived. As the θ value rises, the PCC value is observed to rise as shown Figures 14(a)-(b) . This is because the fine SSI is with more types of the information. It is with θ = 0.7 in the experiment 2 and θ = 0.6 in the experiment 3, PCC value is the highest values. When the θ continues to rise, the multiscale value H ms vk (p vj ) contributes less to the total solution. This decrease of multiscale information affects the mapping accuracy. In this study, the adjusted PCC value for different parameters is evaluated to find the appropriate parameter.
Second the influence of the appropriate SSI number is analyzed. With S = 10 and S = 9 for experiment 2 and experiment 3 with four SSI. The appropriate sub-pixel shifts are (0,0), (0.5, 0), (0, 0.5), (0.5, 0.5) by image registration. As shown in Figures 15(a)-(b) , when the number of SSI increases from 1 to 4 according to the above order, the accuracy of the mapping result is improved. Third the previous experimental results can indicate that a larger number of appropriate SSI may have better STHSPM results. However, when there is an inaccurate shift in SSI, the mapping accuracy will be affected. The registration error is an important influence factor in the performance of the SSI-MSSI. It represents the accuracy of sub-pixel shift estimation. Here, the registration errors are simulated to range from −0.4 to 0.4 mixed pixel with a step of 0.1 pixel. The different registration errors are tested in experiment 2 with S = 3 and experiment 3 with S = 5. If the registration error is 0.1, the original shifts (0, 0), (0, 0.5), (0.5, 0) and (0.5, 0.5) are transformed to (0.1, 0.1), (0.1, 0.6), (0.6, 0.1) and (0.6, 0.6). Figures 16(a)-(b) display the PCC value in relation to the registration error. From Figures 16(a)-(b) , the registration errors impose a negative influence on the proposed method. When the registration error increases, the accuracy of proposed method decreases. Therefore, it is important to accurately estimate the sub-pixel shift in the proposed method.
Finally, the computational efficiency is also an important factor to evaluate the proposed method. Since the parallel networks are added into the STHSPM and the more information is utilized, the proposed SSI-MSSI takes more time to get the mapping result than the other four methods. Therefore, how to improve the computational efficiency of the proposed method is worth studying in the future.
V. CONCLUSION
Utilizing parallel networks to produce sub-pixel shifted images with multiscale spatio-spectral information (SSI-MSSI) for soft-then-hard sub-pixel mapping is proposed here. The type of information in SSI is enriched by integrating the multiscale information from the multiscale network and the spatio-spectral information from the spatio-spectral network. Using both visual and quantitative measures, the proposed SSI-MSSI with appropriate parameter gives better STHSPM results compared to four standard methods: BIC, MSAM, SSI-BIC and SSI-MSAM.
In the future, the performance of the proposed method in a full scene image with heterogeneous and randomly distributed features will be investigated. Moreover, an adaptive method for selecting the more appropriate parameter is worth studying in the further.
